In science as well as technology, the diffusion of new ideas influences innovation and productive efficiency. With this as motivation we use citations to scientific papers to measure the diffusion of science through the U.S. economy. To indicate the speed of diffusion we rely primarily on the modal or most frequent lag. Using this measure we find that diffusion between universities as well as between firms and universities takes an average of three years. The lag on science diffusion between firms is 3.3 years, compared with 4.8 years in technology for the same companies using the same methodology. Industrial science diffuses fifty per cent more rapidly than technology, and academic science diffuses still faster. Thus the priority publication system in science appears to distribute information more rapidly than the patent system, although other interpretations are possible. We also find that the speed of science diffusion in the same field varies by a factor of two across industries.
I.

Introduction
The speed with which science and technology leak out very likely increases both innovation and productive efficiency. This is true for the simple reason that firms possess more knowledge when diffusion is more rapid. But in addition, recent ideas may be more valuable than older ones. Recent ideas could improve on earlier ones so that their quality is higher. Recent ideas are less likely to have been commercialized. And ideas could be recombinant, so that new ideas make earlier ideas more valuable.
It follows that the rate of innovation and productive efficiency depend on diffusion, so that a faster rate of diffusion moves technology-in-use closer to the best-practice technology. These points apply to science as well as to technology. The diffusion of science is important because it contributes to output through an increase in the efficiency of research and development 1 . This line of thought leads to several questions.
How rapidly do science and technology leak out? How does the speed of diffusion vary among firms and universities? How and why does the speed of diffusion vary across industries?
To answer these questions we begin by measuring the speed of diffusion of science, primarily using the modal or most frequent lag in citation as a measure of its central tendency. Afterwards we compare this with the speed of diffusion of patented technology. In this way we establish stylized facts about diffusion in both science and technology. We rely on lags between citing and cited scientific papers and industrial patents for this purpose. Our approach to estimating the lags builds on the methodology for estimating patent citation functions in Jaffe and Trajtenberg (1996 , 1999 . This use of a common methodology increases comparability of the measurements. Even so, we do not claim that the two diffusion processes are the same, and indeed we find that they are rather different.
Diffusion is the topic of a large literature, although none of this appears to describe, interpret, and compare the diffusion of science and technology as this paper does. Griliches (1957) examined the adoption of hybrid corn by farmers in U.S. states and crop reporting districts. His findings showed that lags in the adoption of hybrid corn shortened as profits from adoption increased. Mansfield (1963) showed that adoption of the diesel locomotive by U.S. railroads resulted from growing advantages of diesel over steam as influenced by profitability, liquidity, and other characteristics. Mansfield (1991) found that many industrial innovations would have been impossible or would have been delayed without recent science.
Monetary and other gains should also drive adoption of new scientific approaches. For example, drug companies adopted biotechnology for the purpose of avoiding mass testing of chemical compounds (Henderson and Cockburn, 1996) . However, scarcity of molecular and cell biologists in industry hindered adoption, and led to the establishment of firms whose founders were academics. In this way diffusion entailed entry (Audretsch and Stephan, 1996; Zucker, Darby, and Brewer, 1998; Ruttan, 2001, Ch. 10) .
A related literature considers the role of intellectual property in diffusion. Mansfield (1985) showed that knowledge of a company's development efforts leaked out to competitors within 12 to 18 months.
Once developed, knowledge of new products leaked out in 12 more months, but imitation costs imposed additional lags. Indeed Mansfield, Schwartz and Wagner (1981) found that imitation costs were two-thirds of innovation costs and that patenting increased these costs.
Weak incentives hinder invention and its adoption in planned economies. Berliner (1976) argued that inadequacies of the bonus system undermined Soviet Russia's productive efficiency compared with Western economies. Building on such evidence Dearden, Ickes, and Samuelson (1990) , and Hart, Vishny, and Shleifer (1997) undertook theoretical studies of the limits to public sector innovation.
To a lesser extent imperfect rewards to inventors may deter invention in firms. Scherer (1984, chapter 9 ) noted that firms' innovative output rose at a decreasing rate with firm size and suggested that incentive failures were the cause. Imperfections in patent rights across earlier and later inventors reduce incentives to improve products (Scotchmer 1991; 2004, Chapters 4, 5) . In summary a substantial literature relates technology diffusion to secrecy, adoption costs and incentives.
Incentives in science often take the form of fame and reputation. However, the priority system in science, as Robert Merton has shown, encourages individuals to share knowledge quickly, since sharing establishes property rights in science (Stephan, 2004) . For this reason the priority publication system may accelerate the diffusion of science compared with technology. This hypothesis is strengthened by evidence on the use of secrecy to protect industrial technology (Levin, Klevorick, Nelson, and Winter, 1987; Cohen, Nelson, and Walsh, 2002; Furman and Stern, 2004) .
Turning to our results we find that the modal lag among U.S. universities averages about three years. This lag does not increase systematically with geographic distance between researchers. Citation lags vary strongly among fields, with physics and biology diffusing more rapidly than average and computer science and engineering diffusing less rapidly. Variations in review times (Ellison, 2002) partly drive these differences. Perhaps reflecting higher costs of absorption, citation lags between fields exceed within-field lags by 0.4 years. To an extent same-university citations get around review lags. Accordingly the lag on same-university citations averages 1.8 years-60 percent of the between-university lag.
Science citation lags in industry are similar. The lag on citations by firms to universities is 3.0 years.
We find a lag that is10 percent longer, or 3.3 years, or in the case of firms citing each other. One interpretation is that firms impose strategic publication delays, but that the delays are slight. The lag on same-firm citations is the same as the lag on same-university citations, which again suggests bypassing of publication lags.
So far the findings apply to science. To provide a benchmark for these results we estimate modal lags on patents for the same firms using the same methodology. When this is done we find that the lag on firm citations is 4.8 years. Comparing these findings we find that science diffuses fifty percent faster among firms than patented technology. In previous research U.S. patents display a lag ranging from 4.6 to 5.3 and this lag is greater still between countries (Jaffe and Trajtenberg, 1996, 1999; Peri, 2005) . Thus results from several sources indicate that technology diffuses more slowly than science.
Additional results explore variation in science diffusion by industry and field. The range of variation is large: a given science takes about twice as long to reach the slowest industry as the fastest. Drugs and biotechnology, electrical equipment, and communications are industries to which science diffuses rapidly while diffusion occurs slowly in metals and machinery. Section VI seeks to explain this puzzle. The dependent variable is the citation lag. Independent variables include the instrumented frictional publication lag, mean firm R&D, and mean scientific papers. We find that the frictional lag, a type of supply dynamic, increases the lag, but that firm size in R&D and science decrease it. Industries having a lot of R&D and science and industries that are dominated by fields with little friction exhibit rapid diffusion. Industries where the reverse is true exhibit slow diffusion. These findings suggest that in science, just as in invention, dynamics of supply and firm optimization establish the speed of diffusion (Griliches, 1957) .
The rest of the paper consists of six sections. Section II discusses the citation function. We use the modal lag implied by this function, or the lag at which citation peaks, to measure the central tendency of citation lags. We discuss the modal lag and show that it is a robust statistic for ranking the speed of diffusion. Section III describes the database of papers and citations on which the findings are based. The data derive from the Institute for Scientific Information (ISI) and consist of 2.7 million scientific papers and 20.2 million citations to these papers during 1981-1999. The papers are written in 110 top U.S. universities and 200 top U.S. R&D firms that account for most science publication in the U.S. during this period.
Section IV presents estimates of the speed of diffusion of science among U.S. universities. Section V reports similar estimates of science's speed of diffusion from universities to U.S. firms and among the firms. In addition we report estimates of the speed of science diffusion by industry as well as field. Finally the section estimates the speed of diffusion of patents for the firms. Section VI studies the sources of industry variation in science citation lags. Section VII concludes and discusses additional research.
II. The Citation Function
We use the citation function to estimate the speed of diffusion between scientific papers. Jaffe and Trajtenberg (1996, 1999) use this function to quantify the use of patents and their diffusion. In this article we apply the citation function to scientific papers and science citations. The citations are backward citations from later to earlier researchers because we are interested in how rapidly earlier science reaches later users. Since the citation function is at the center of the empirical analysis of Sections IV-V, we provide a brief discussion in this section.
We begin by clarifying the differences between science and patent citations. Both refer to prior literature but the reasons for doing so are not clear. Motivations include the influence of earlier ideas and their role in defining the problem and its solution. This motive is apparent in patent citations, which limit commercial applications of inventions to improvements on prior art, and also in science citations. Science citations are more likely to refute findings and they could be a strategy to achieve publication. Science citations are controlled by authors while patent citations are often chosen by patent examiners and attorneys. While referees of scientific journals suggest references, their inclusion requires author's assent.
Another difference is that a single patent office controls patent grants, so application dates as well as grant dates are known. In science, numerous journals control publication, rejections occur, and initial application dates are typically unknown. We conclude that differences as well as similarities apply to science and patent citations, though their impact on diffusion is not obvious.
We estimate the citation function on cells defined by the exogenous characteristics of citing and cited papers. Each cell includes a citation probability which is the dependent variable in the analysis. This is composed of citations, papers citing, and papers cited as follows:
(1) jt iT iTjt iTjt n n c p =
In (1) is the probability that a group i paper published in year T cites a group paper published in
.
is the number of citations or paper-pairs linked by citation. is the number of papers that could but might not cite papers in group at time t whose number is . For this reason is the number of potentially citing papers and is the number of potentially cited papers. Their product is the number of paper-pairs that could be linked by citation. Notice that (1) can be thought of as a sampling rate by the average paper in group i t time pplied to papers in group j t time t . In the ca of universities citing universities we use group i and T to efer to citing field and year, while group j is the cited field and t the cited year. The fields and years define four-dimensional cells in the data.
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The citation function is a parametric representation of the probability of citation based on citing and cited fields and years that allows for intercepts corresponding to these characteristics. However, we do not discuss the intercepts in this paper. This is because of the large number of intercept terms (ranging from several dozen to several hundred) and the variety of citation functions that we estimate. Another reason is that our chief concern is with transitional diffusion and decay parameters 2 .
The citation function for universities citing universities is
The ij α terms capture the average probability that field cites field , i j T α the average probability that a citation is made in periodT , and t α , the average probability that a citation is received in period t . The probability parameters are defined relative to baseline values. The ij α parameters are normalized by the value for chemistry, whose value is set equal to 1.0. Likewise, the T α and t α parameters are normalized by the earliest citing and cited periods, whose values are set equal to 1.0.
The exponential form of (2) accounts for the peaking of citations (see Figure 1 ) and compares closely to patent citation functions. The 1 β parameter represents the rate of decay in citation to chemistry while i 1 β is a vector of decay parameters relative to this baseline. Thus i 1 β in chemistry is fixed at 1.0.
Finally 2 β governs overall diffusion. Since 2 β positions the rate of citation, it is not identified by field independently of the ij α vector. Again we limit reported parameters to 1 β , i 1 β , and 2 β for concise presentation of diffusion. The error term is ; the equation is estimated by nonlinear least squares.
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In addition to citation functions for universities citing universities, we estimate similar functions for firms citing universities, and we estimate both science and patent citation functions for firms citing firms.
The following explains how these differ from (2). In the case of firms citing universities we include parameters I α that capture citing industry and two others, J α and j α , that capture citing and cited field.
The vector of industry parameters is normalized by the value for one industry (petrochemicals), since 2 β absorbs the overall citation probability The citation function for firms citing universities is
If firms cite firms we include intercept vectors for citing and cited industries, I α and i α , and citing and cited fields J α and j α . The citation function is
In some of our analysis we allow for more freedom in the pattern of diffusion. For example, we allow the rate of decay in citation between universities to differ depending on whether the citing field is the same or different from the cited field. Where firms cite universities and other firms, we allow the decay parameters to vary by industry as well as field. In these cases i 1 β becomes ik 1 β , where stands for citing industry. k
The speed of diffusion is implicit in the estimates. We show that the modal or most frequent lag in citation is a robust measure of speed given (2)-(4), which differ only in their intercept terms. The modal lag for science field j, or the lag at which the citation probability peaks, is
To prove (5) take the derivative of citation functions (2)-(4), set it equal to zero and solve for .
Modal L
The cumulative citation probability for L=∞ is found by integrating (2)-(4). This is given by:
We collapse the intercept terms into a single termα . To compute the average lag in citation, multiply the probability of citation by the lag L and integrate to a lag of infinity:
The result on the right is proved by applying integration by parts to the middle expression. However, this average is based on a cumulative "probability" that does not sum to unity, as (6) shows. To obtain the mean divide (7) by (6) so that the probability mass is normalized to 1.0. After some algebra we reach
The approximation is based on
, which is true for the estimates in this paper. Since citations have a positive skew the mean exceeds the mode. The point of discussing the modal and mean lags is to show that they rank different fields in the same order 3 . It follows that the modal lag is a robust way to compare speed of diffusion.
There is another reason for comparing these measures. The econometric estimates of (2)-(4) provide estimates of modal lags, whereas the figures and some of the regressions use mean lags. According to (5) and (8), mean lags are about twice as long as modal lags. The derivations in this section show that there is no inconsistency involved in finding that the mean exceeds the mode. For the rest of this paper the modal and mean citation lags will measure the speed of diffusion of science and technology.
III. Database
The data consist of 2.4 million scientific papers written in the top 110 U.S. universities during 1981-1999 and 18.8 million citations to those papers. Also included are 230 thousand scientific papers written by the top 200 U.S. R&D firms as well as 640 thousand citations to these papers by other firm papers. In addition the 200 firms make one million citations to papers by the 110 universities. The universities and firms account for the majority of academic and industrial research conducted in the U.S. The source of the data is ISI, the Institute for Scientific Information, in Philadelphia, Pennsylvania.
The papers appear in 7137 scientific journals. Each journal is assigned to a unique science field along with the papers published in them. The alternative to this journal assignment method is to assign papers according to sciences of "origin", as given by author's departments. But that approach is ruled out by the lack of standardized information on academic departments 4 . Table 1 describes the distribution of university and firm papers by science field. The first column contains the data for universities. Sixty-one percent of university papers originate in agriculture, biology, 3 The median lag divides the probability mass into 50 percent before and after the median, which is
A. Distribution of Papers and Citations
. This is again based on 0 / 1 1 2 ≈ j β β β . Thus the modal, mean, and median lags rank diffusion speeds in the same order. 4 As an experiment we tried to assign all papers of Harvard University to one of the 12 main science fields in our data using departmental address information. About one-third of the papers could not be assigned to fields using this information. Given the failure rate we abandoned the effort. and medicine. Chemistry, engineering, and physics rank second and account for 24 percent. Remaining fields (astronomy, computer science, earth sciences, economics and business, mathematics and statistics, and psychology) account for 15 percent of university papers.
The second column shows an even greater concentration among fields in industrial science. Nine fields are shown: astronomy, economics and business, and psychology account for less than one percent of industrial papers and are dropped from the table. In the industrial distribution, agriculture, biology, and medicine account for 32 percent of papers instead of 61 percent as in universities. Conversely chemistry, engineering and physics account for 59 percent of industrial papers rather than 24 percent. Life science is simply less important in industry than in academia. Another feature is the much greater importance of computer science, which accounts for five percent of industrial papers compared with one percent in academia. While these differences are hardly surprising, they show that industrial citations originate far less often in life science than do academic citations.
Notice that 223 out of 235 thousand industrial scientific papers, or 95 percent, belong to biology, chemistry, computer science, engineering, medicine, and physics. Since a major point of this paper is its comparison of diffusion speeds in different sectors, we restrict our reporting (though not our estimation) to these six fields.
Recall that the citation function is estimated on cells defined by citing and cited groups and years. Table 2 reports mean citation probabilities and their components by cell characteristics. For each cell we calculate numbers of citations, potentially citing and cited papers, and mean probabilities. For firms, the citing and cited groups include the added dimension of industry.
Consider universities citing other universities, where citing and cited fields and years classify the cells 5 . In the case where citing and cited universities are different, the number of cells is 36,834 6 . In the case of same-university citations the number of cells is 21,801 7 .
Where firms cite universities, the cells are classified by citing industry, field and year, and cited field and year. The number of citing industry-field-year, cited field-year cells is 30,604. Finally consider firms citing firms. In this case the cells are classified by citing and cited industry, field and year. They are thus six-dimensional. There are 34,246 cells consisting of citations where citing and cited firms are different.
The number of cells involving same-firm citations is 10,687. Table 2 describes the cells for different sets of data, but excluding same-institution citations. The first three columns present mean citations and potentially cited and citing papers, where means are taken across cells. The final column presents the mean citation probabilities computed according to equation (1).
The three panels report means for different citing and cited sectors. 
B. Mean Diffusion Lags by Sector
Figure 1 graphs citation curves between universities, firms and universities, and between firms. The curves illustrate the mean citation probability arrayed by the lag between citing and cited papers. The curves peak in the second year, though fitted citations peak later (see Sections IV and V). The irregular shape of the firm-firm citation curve results from smaller sample sizes in these data.
The narrowing of the curves is an artifact of differences in the citation probability. To show this 
C. Influence of Geographic Distance
The last four figures examine the influence of geographic distance on the speed of diffusion. Figure 4 graphs mean citation lags by distance between citing and cited universities. For this graph we take a closein perspective. We examine the relationship between mean citation lag and distance in intervals of 50 miles up to 500 miles. The thickened line displays mean lags for all observations. The mean increases slightly, from 4.6 years within 50 miles to 4.9 years at 500 miles 11 . Much of the increase occurs within 100 miles suggesting temporary localization of scientific information, perhaps due to local collaborations. 10 Peer rankings are missing for agriculture and medicine so that university-fields in these two disciplines are ranked according to size of federal R&D support in 1998. This has the effect of blurring rankings by quality. For more on this point, see Adams, Clemmons, and Stephan (forthcoming) . 11 Recall that the mean lag is twice as long as the modal lag hence the lags of four to five years in this figure. For more, see (5) and (8) in Section II.
The other line graphs are based on data from top 20, middle 40, and bottom 40 percent universityfields. These data are subsets of the data yielding the main line graph. The subsets form a nebulous cloud of points around this graph but the bottom 40 percent curve clearly lies above the mean. Knowledge diffuses more slowly to the bottom 40 percent, and yet this difference is less than a tenth of the mean lag. Figure 5 takes a wide-angle perspective. It examines the citation lags for distances ranging from 500 to 3,000 miles. The heavy line covers all the data and begins at a lag of 4.9 years, but declines to 4.7 years at 3,000 miles, which is the distance between the East and West coasts. Across Figures 4 and 5 the mean lag follows an inverted-U shape with respect to distance. It does not increase monotonically.
We observe a sharp decline for top 20 percent university-fields at longer distances. The citation lag at 3,000 miles is 4.5 years, about the same as at 50 miles. The lag increases with distance among the middle 40 percent and is unrelated to distance among the bottom 40 percent. Apparently, top departments on both coasts work together more closely than others.
Figures 6 and 7 re-examine interactions mean lags by distance in the case of firms citing universities and each other. Figure 6 displays the lags by distances from 0 to 500 miles. A tendency for citation lags to increase with distance is clear in Figure 6 . The increase is 0.5 years over 500 miles, with most of this occurring within 100 miles, hence the suspicion that collaboration drives it. Figure 7 displays lags for distances from 500 to 3,000 miles. The lag is flat for firms citing other firms but declines slightly for firms citing universities. Together Figures 6 and 7 indicate a rough inverted-U in the citation lag structure.
Based on Figures 3-7 we cannot say that science leaks out more slowly with distance.
IV. Regression Findings: Universities
In this section and the next we present several estimates of diffusion speed. While the findings can seem repetitive they are essential to getting the facts of diffusion right. One can think of them as standardized experiments in diffusion that are readily compared. We begin with the university sector. The speed of diffusion is likely to be fastest in this sector, since being first to publish is a key to success. For this reason the university estimates provide a benchmark for the estimates of citation lags in industrial science and technology, which are reported in Section V below.
Tables 3 and 4 contain regressions that result from fitting citation function (2) to the data. In these tables and others to follow we report the exponential portion of the citation function for the six fields that dominate science. Table 3 reports basic findings on the rate of diffusion among universities. The first two columns concern citations between different universities. The first column reports decay and diffusion parameters while the second reports estimated modal lags. Towards the bottom are estimates of the baseline decay and diffusion parameters 1 β and 2 β . The decay parameter is 1 β =0.351. This indicates a modal lag of 2.85 years for chemistry (
Taken together with 1 β this indicates a peak citation probability of
Field decay rates provide estimates of modal lags by field. Using (5), where the modal lag
, we find that the shortest lag is 1.75 years in physics while the longest is 4.25 years in computer science 12 . The average of the modal lags across fields is 3.06 years. Variation in the speed of acceptance and publication across fields plays a part in these differences, while another part reflects differences in propensities to collaborate. Of course, fields with shorter modal lags exhibit more rapid decay in citation probabilities given the shape of the citation function.
To see how frictional publication lags affect the diffusion of science, we introduce same-university citations, where these lags are less important. The third and fourth columns of Table 3 report the parameter estimates and modal lags. Lags for same-university citations occur 1.29 years sooner than for citations between universities. In chemistry the modal lag is 1.65 years and lags for other fields are correspondingly shorter. The average of the estimates is 1.77 years. Citations between universities are 73 percent slower (3.06/1.77=1.73). Differences by field are shown in the final column. Same-university citations get around most of the frictional publication lags. This explains why same-university lags differ so little across fields as the last column shows. The lag shortens most in computer science, where frictional lags are longest, and least in biology and physics, where these lags are shortest. However, these are same-institution citations, not true self-citations. Their speed of diffusion understates the speed of self-citation. Table 4 estimates a more elaborate citation function. This distinguishes within-field from betweenfield dimensions for every citing field. This is done by estimating separate parameters when cited fields are the same or different as each citing field. Within-field decay rates and modal lags appear in columns one and two. Between-field decay rates and modal lags appear in columns three and four. We expect between-field diffusion to proceed more slowly because of the higher cost of assimilating "outside" information.
Computer science is the exception. This reversal, in which outside fields are cited more rapidly, probably follows from very short publication lags in cited fields such as electrical engineering and physics compared with computer science itself.
The within-field results in Table 4 are about the same as the total results in Table 3 
V. Regression Findings: Firms
We tu next to the diffusion of science in firms. While s ider a wider range of evidence for industry. We estimate the speed of diffusion from universities to firms, between firms, and within firms, and we compare the estimates with the university results.
Afterwards we examine the diffusion of science by industry and field. At the end of the section w patent data to estimate the speed of diffusion of technology and we compare this to science.
A. Diffusion from Universities to Firms
We begin with firms citing universities. Tables 5 and 6 contain the fi is fitted to the data. As before the tables report exponential terms of the citation function (3) for the dominant fields of biology, chemistry, computer science, engineering, medicine, and physics, although a fields and all parameters are included in the estimation procedure. Table 3 . This confirms the intuition of Figures 1 and 2 , that there is little difference in the rate with which university research diffuses among sectors. Another feature is that modal lags rank the fields in the same order in Tables 3 and 5 . Physics remains the fastest field, computer science the slowest, and so on.
Relative diffusion speeds are a feature of fields rather than broad sectors of the economy. Table 6 allows the rate of decay and thus the speed of diffusion to vary by industry an industry. The first column for each science reports the estimated decay rate and its standard error, while the second reports the modal lag. In this case the modal lag is Within the same field the speed of diffusion varies by a factor of two across industries. The moda ranges from 1.93 to 4.55 years in biology, from 2.13 to 3.59 in chem nce, from 3.06 to 4.62 in engineering, from 2.03 to 3.37 years in medicine, and from 1.72 to 2.56 in physics. The average lag in an industry is a mixture of field and industry effects but in spite of this drugs and biotechnology stand out as a rapidly-diffusing industry while machinery is slowly-diffusing. This variation by industry is a puzzle to which we return in Section VI.
B. Diffusion of Science in Firms
If firms were to strategically defer publication, then diffusion am er than diffusion elsewhere. The additional strategic lag ication years. This is the issue that we explore in Tables 7 and 8 , which contain estimates of equati (4). Table 7 reports a basic set of results. The results suggest that strategic delays are not major in industrial science. The average lag in column two for firms citing each other is 3.30 years. This is three months longer than the 3.06 years observed for universities citing each other (Table 3, column two) 3.02 years (Table 5 , column two) for firms citing universities. Of course the estimates cannot directly measure publication delays but the observed lags suggest that these delays are not large. If they were, firms would cite an older literature than universities. The only way to avoid this conclusion is to assume that firms permanently block publication, in which case the lags would be censored.
Columns three and four contain findings for firms citing themselves. The average of the modal lags 1.70 years, about the same as the lag on same-university citations (1.77 years). Citat ly twice as long (3.30/1.70=1.94). Still, same-firm citations occur 1.5 years faster than citations to other firms and this pattern closely resembles the findings for universities. fields form the columns up to the last, which reports averages by industry. Allowing for the fact that some of the sciences are negligible in several industries, we obtain 50 significant parameters out of 66.
The speed of diffusion varies widely for the same field. The modal lag ranges from 2.24 to 3.87 years in biology, from 2.33 to 4.81 in chemistry, from 3.45 to 4.83 in computer science, from 2.11 to 4.34 in neering, from 2.47 to 6.10 in medicine, and from 1.81 to 3.32 in physics. Also, the average lags in the final column do not rank the industries in the same way. This suggests that in a given industry and field, the value of new science available from other firms differs from its value in universities.
C. Comparative Diffusion of Science and Technology
We have established stylized facts concerning the diffusion of science by sector, fi stry. However, these results lack a benchmark outside of science. In this section we provid rk by comparing the interfirm speed of diffusion of science with the interfirm diffusion of pat technology.
We start by reviewing findings on the diffusion of patents. Jaffe and Trajtenberg (1996) estimate citation functio nd firms' use of public sector technologies and its diffusion. Using citing and cited grant years to define the diffusion lag, they find that the modal lag is 4.7 years. Since grant years are analogous t publication years, the estimate in this sense is comparable to modal lags in science. In a study of international patent citations, Jaffe and Trajtenberg (1999) find that the modal lag for U.S. patents citi other U.S patents varies from 4.6 years to 5.3 years, depending on technology field, with an averag lag of five years. These estimates again use citing and cited grant years to define the lags.
Popp (2002) year of the cited invention captures the date at which the information goes public. Citing application year shortens the measured citation lag, and consistent with this, his estimate of the modal lag on energy patents is 2.8 years. Since patents require an average of two years from application date to grant date this result is close to the five year lag reported in Jaffe and Trajtenberg (1996, 1999 Jaffe and Trajtenberg (1996, 1999) , except that lags run from invention to science rather than from invention to invention. The modal lag between patents and scientific papers is 8.33 years. This is the time that science takes to move first between researchers in academic and industrial science, and subsequently from industrial science to industrial invention 13 . This double lag explains why the estimate exceeds others. In fact, Branstetter
Ogura's (2005) (1) in Section II. Using these data we estimate a patent citation function very like the science citation function reported in Tables 3-8 . Table 9 contains the results.
Columns one and two contain the estimated decay and diffusion parameters. Modal lags are shown in column two. These range from 3.77 to 5.83 si o modal lags found in other studies of patents citation that use grant years to construct the lags estimates based on them. The average lag on patents is 45 percent greater (4.78/3.30=1.45) than the lag of 3.30 years on scientific papers reported in Table 7 . By this measure science diffusion is about 50 percent faster than technology's. 13 Adams (1990) finds a mean lag of 20 years for the peak effect of stocks of scientific papers on productivity growth. Since the mean lag for the citation function is twice the modal lag (see (8)), a modal lag of 8.33 years corresponds to a mean of 16.67 years, not very different from 20 years. 14 The data source is the NBER patent citation data described in Jaffe and Trajtenberg (2002) .
Columns three and four report findings for modal lags on same-firm patent citations. The average lag drops to 2.97 years, imply ing that other-firm citations on patents take 61 percent longer (4.78/2.97=1.61). l This resembles standard patent production functions (Griliches, 1984; Hall and Hayashi, 1989; Klette, 1996) in that patents depend on the firm's scientists and inventors , with exponen compares with 94 percent longer lags on other-firm science citations in Table 7 and suggests that frictional lags are relatively less important for patents than papers. A possible explanation is that disclosure may begin with the application year, not the grant year.
Industrial science leaks out about fifty percent faster than industrial technology, but it is not cl
One interpretation is that delays in application and processing are lo agrees with the notion that technology contains more sensitive information rather than science. A second interpretation is that the shorter lag for papers reflects the efficiency of the priority publication system in science. Yet another interpretation is that technology relies on older information than science.
Only time will distinguish among these explanations.
VI. Explaining Industry Diffusion Differences
The findings so far fall into two classes. Easily interp larities. Diffusion speed does not fall with geographic distance. Science diffuses more s than others and the ranking of fields stays constant. The diffusion speed of industrial scien slightly slower than academic science and science diffuses more rapidly than technology.
This simplicity is spoiled by hard to explain differences in diffusion across industries. In this secti we try to interpret these differences using two factors. Frictional lags slow down diffusion stries. The size of R&D and science speeds up diffusion in particular industries. The simple model that follows organizes these ideas. Let t p be patents that are produced according to a Cobb-Douglas production function, frict ent, but the task of finding empirical counterparts still lies ahead. This turns out to be tractable. One measure of the frictional lag in a field is the difference between same-university and other-university lags, which appear in the final column of Table 3 under "Difference in Modal Lags". We shall instrument the frictional lag in industry using the difference in modal lags in university science in the same field. The difference in university lags derives from a different set of data than industrial science . It is therefore exogenous for a study of modal lags in industry.
We also have measures of industry and firm scal speeds up diffusion by increasing the marginal benefit of searching the literature. Average papers in an industry and field are a similar variable, but they offer an advantage over R&D stock in that they vary b field as well as industry. We are unable to identify a third factor in the data, the amount of recent science that attracts effort to stay current. Table 8 , where firms cite other firms and there are 50 lags. Equations 10.1-10.3 concern diffusion from universities to firms. Equations 10.4-10.6 concern diffusion between firms. The independent variables include the instrumented frictional lag. Also they include the mean sto of R&D per firm and primary industry as reported in Compustat. The stock is expressed in millions of 1992 dollars, depreciated at 15 percent over the previous eight years, and summed . The final independe variable is an alternative to the R&D stock . This is the mean number of papers in an industry and field.
The data form a cross section rather than a panel, so that fixed effects estimation is infeasible. The overlap between the two sets of papers is two percent: 50 thousand of the 2.43 million university papers are written jointly with firms. The estimates for universities in Table 3 stay the same whether the 50 thousand jointly authored papers are included or left out. 18 The simple correlation between mean R&D stock and mean number of papers is 0.63. pt that we include industry dummies (with petrochemicals omitted). We do not report the industry effects but simply note that in drugs, instruments, communications, and software they are negative and often significant. Diffusion of science appears to be faster in these industries than in others.
Equations 11.1 and 11.4 contain arithmetic regressions; the rest are logarithmic. Gradients are smal in absolute value than before but all are significant and all carry the expected signs. The fric incr and f eases the mean lag by 12 percent. Doubling firm and but also between firms. The modal or most frequent lag in science citat ing these differences are due to pub te and eases the mean lag with a gradient of 0.6. This implies an increase in the mean lag of 0.6 years for each additional year of the frictional lag. Firm R&D stock shortens the lag: its gradient is -0.46×10 -4 in 11.1 -0.34×10 -4 in 11.4. The results suggest that an increase in the stock of firm of one billion (10 4 , given its scaling in millions) reduces the mean lag by 0.5 or 0.3 years.
Equations 11.2 and 11.5 express all variables in logarithms and use firms' R&D stock as a measure o size. The equations imply that doubling the frictional lag incr R&D decreases the mean lag by one to two percent. Equations 11.3 and 11.6 replace R&D stock with firm papers. The results imply that a doubling of firm papers in a field cuts the mean lag by four percent.
These results agree with the earlier findings at the industry and field level. Of course, the data sets are cross-sections and we cannot control for fixed effects. But the direction of the effects agrees with expectations and in this sense the findings are helpful in understanding industry variation in diffusion.
VII. Conclusion
In this paper we have provided new evidence on the diffusion of science, not only between universities between universities and firms, ion is 3.0 years between universities and from universities to firms. The modal lag in science citations between firms is 3.3 years, about three months longer than the lag involving universities. This result suggests that publication and diffusion are delayed only slightly in industry. The modal lag of 3.3 years on the diffusion of science between firms compares with 4.8 years based on patents for the same firms us the same estimation procedure. Thus science diffusion appears to take place about fifty per cent more rapidly than technology diffusion. This is consistent with the view that Open Science leads to more rapid diffusion than the patent system, although other explanations are possible.
Certain fields stand out for the rapidity with which their research disperses. Most rapid of all is physics. Certain others diffuse slowly, such as computer science. Some of lication lags as the results on self-citation demonstrate. In some fields papers are long and intrica costs of refereeing are greater in such disciplines. This is clearly helpful in understanding the structure of frictional lags in science. Still other differences are due to collaboration, which is common in rapidly diffusing fields such as physics (Adams, Black, Clemmons and Stephan, 2005) . More work is needed to fully understand the sources of variation in science diffusion across fields.
Industry and firm variation in the diffusion of science, as we have seen, is partly driven by the frictional lags and by the size of enterprise in R&D and science, but also it is driven by differences in the valu to s ty science, once it arrives at a firm, to a ack e of new knowledge over old, and differences in this knowledge across sectors that are difficult measure. It seems that this too is a fruitful area for additional research. And finally, to the extent that firm absorb knowledge from other scientific institutions that is already old at the source, there is an externali involved in diffusion lags that has not been studied, to our knowledge.
It is important to see that all of this evidence provides a lower bound on the speed of diffusion between science and technology. Additional time is required for industrial ffect industrial invention as well as conversely, and the determinants of these long lags and feedb
effects have yet to be fully investigated. More elusive still is the nature of the connection between technology and science within R&D firms that we have already alluded to in this paper. 
where the intercept terms areα and 2 1 1 , , β β β i are the exponential parameters reported above. a The number of observations is 36,834. The adjusted R 2 =0.938. The estimated standard error of the regression (root mean squared error) is 0.0010. R Citation lag to other fields is shorter than citation lag within a field and represents a reversal in the relative speed of within field diffusion. b The modal lag equals the reciprocal of i 1 1 β β . See equation (5) of the text. c The average is the simple or un-weighted average of the field-specific modal lags. (5) in the text. c The average is the simple or un-weighted average of the field-specific modal lags. is the estimate of the rate of decay within petrochemicals in the field of chemistry, and subscripts ij stand for citing industry and field. See equation (5) in the text. is the estimate of the rate of decay within petrochemicals in the field of chemistry, and subscripts and ij stands for citing industry and field. See equation (5) in the text. All Other Technologies (6) 1.000 (--) 5.21 1.000 (--)
3.21
Baseline Decay Parameter (β 1 )* 0.192 (0.003) Notes: Method is Ordinary Least Squares. a Dependent variable is the arithmetic or logarithmic modal lag as shown in Table 6 . b Dependent variable is the arithmetic or logarithmic modal lag as shown in Table 8 . *** Regression coefficient is significant at greater than the one percent level. ** Regression coefficient is significant at greater than the five percent level. +++ F-statistic is significant at more than the 0.1 percent level. 10 ≥ n b Dependent variable is the arithmetic or logarithmic mean lag, where the mean is the average by firm and field. The number of observations used to calculate the mean is . *** Regression coefficient is significant at greater than the one percent level. ** Regression coefficient is significant at greater than the five percent level. +++ F-statistic is significant at more than the 0.1 percent level. 
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